Abstract
As it is difficult to genotype VNTRs, most cases have been determined via association, but the inheritance mode could be high penetrance.
whose total sequence length (RU count times the RU length) is much longer than the read length, consensus of reads that cover VNTR. Detailed performance on three exemplars (INS, CSTB, and HIC1) gene showed high genotype accuracy for adVNTR over a wide range of RU counts, and 150 coverage ( Fig. 2A . Similar results were obtained for all 2944 VNTRs (Fig. 2B) . Overall, 98.45%
151
of adVNTR estimates were correct while 26.45% of estimates made by naïve method were correct.
152
As it is difficult for the naïve mthod to call heterozygotes, we also compared on the subset of test 153 data with homozygous RU counts. 97.95% of adVNTR estimates were correct, while the consensus 154 method was correct in 66.16% of samples (Fig. S4 ). adVNTR estimates were uniformly good except 155 at low sequence coverage. To test for accuracy with changing RU counts, we simulated different
156
RU counts for individuals at 3 VNTRs (Table S4 ). adVNTR RU counts showed 100% accuracy in 157 each of the 52 different samples tested.
158
To test performance on real data where the true VNTR genotype was not known, we checked
159
for Mendelian inheritance consistency in the AJ trio from Genome in a Bottle (GIAB)(Zook et al., were consistent with Mendelian inheritance (Fig.2E) . Many of the discrepancies could be attributed
165
to low coverage and missing data. Increasing sequence coverage threshold from 5× to 10× increased 166 the average posterior probability from 0.91 to 0.98 and resulted in improved RU count accuracy
167
( Fig. S5) . Also, many of these discrepancies in RU counts were off-by-one errors (Fig. S6) (Fig.2F) . Finally, some of the off-by-one counts could be natural genetic variation.
172
We also performed a long range (LR)PCR experiment on the individual NA12878 to assess the 173 accuracy of the adVNTR genotypes using PacBio data (Table S2 and Table S3 ). The observed matched at least one RU count in 97% of the cases (Fig. 3A,B) . Most of the discrepancies occurred
186
in VNTRs with longer lengths not covered by Illumina reads (Fig. 3C,D (Table S4) .
198
On the AJ trio from GIAB, 98.08% of the high confidence adVNTR calls were consistent 199 with Mendelian inheritance (Fig. 3E) . Note that 95.93% of all calls were high confidence (posterior 200 probability ≥ 0.99). We validated adVNTR calls on 12 VNTRs using Gel electrophoresis (Table S3) .
201
adVNTR predicted the correct RU counts in all cases, except in two cases where the PCR primers 202 failed to produce a band (Fig. 3F, S8 ). We also compared adVNTR against ExpansionHunter on 203 7 disease related short VNTRs in the AJ trio and obtained similar results (Table S5) .
204
To test adVNTR for population-scale studies of VNTR genotypes using WGS data replacing project (Consortium, 2015) . We observed population specific RU counts (frequency difference >
208
10%) in 97 of 202 VNTRs tested (Table S7 ). an increase in VNTRs with higher RU counts with an increase in divergence time from Africa.
211
Thus RU3 is more prevalent in both VNTRs. We also observed RU4 in CSTB6 VNTR in the Asian (Suppl. Fig. S10 ).
241
Compute requirements for genotyping. adVNTR is multi-threaded. In genotyping mapped
242
PacBio reads at 30X coverage, adVNTR took 6 hours using Intel Xeon(R) 4-core CPUs (≤ 24
243
CPU-hours) to genotype all 2944 VNTRs, and 14:15 hours (≤ 57 CPU-hours) for 70X coverage.
244
For Illumina reads at 40X coverage, adVNTR took 87:30 cpu-hours on a single core to complete 245 read recruitment as well as genotyping of 1775 VNTRs.
246
3 Discussion
247
The problem of genotyping VNTRs (determining diploid RU counts and mutations) is increasingly 248 important for clinical pipelines seeking to find the genetic mechanisms of Mendelian disorders. As
249
VNTRs have not been extensively studied, existing research is often focused on their discovery.
250
One of the contributions of this paper is the separation of initial VNTR discovery from VNTR be used to find similarities between biological sequences (Eddy, 1996) . In this model, a profile-
296
HMMs can model a groups of sequences. Then, a new sequence can be aligned to a profile HMM to 297 discover sequence family (Krogh et al., 1994) . We use an HMM architecture with three parts, which unique regions, and one in the middle to match multiple and partial numbers of RUs. The special states Us ('UnitStart'), and Ue ('Unit-End') are used for RU counting. Dotted lines refer to special transitions for partial reads that do not span the entire region.
299
of the VNTR. The second part is an HMM which matches an arbitrary number of (approximately 300 identical) repeating units. The last part matches the 3' (right) flanking region (Fig. S1 ). The insertions, and its model parameters are trained first. To train RU HMM for each VNTR, we collected RU sequences from the reference assembly (Lander et al., 2001 ) and performed a multiple 304 sequence alignment (Eddy et al., 1995) . Let h(i, j) denote the number of observed transitions from 305 state i to state j in hidden path of each sequence in multiple alignment, and h i (α) denote the number 306 of emissions of α in state i. We define permissible transition (arrows in Fig. 5 ) and match-state 307 emission probabilities as follows:
Non-permissible transitions have probability 0, and h i (α) = 1/4 for insert state i and 0 for deletions.
309
The pseudocounts b 0 and b 1 were estimated by initially setting them to the error rate of the 310 sequencing technology, but they (along with other model parameters) were updated after aligning 
326
Read Recruitment. The first step in adVNTR is to recruit all reads that match a portion of the an Aho-Corasick keyword matching algorithm available as part of the Blast package (Altschul et al., 1990 ) to identify all reads that match a keyword from the VNTR patterns or the flanking regions.
331
Note that the dictionary construction is a one-time process, and all reads must be scanned once 332 for filtering. The keyword size and number of keywords were empirically chosen for each VNTR.
333
Filtered reads were aligned to the HMM using the Viterbi algorithm. Only reads with matching 334 probability higher than a specified threshold were retained. To compute the selection threshold
335
for each VNTR, we aligned non-target genomic sequences that passed the keyword matching step 336 to the HMM to form an empirical false distribution. Subsequently, we aligned VNTR encoding 337 sequences to the HMM to form the score distribution of true reads. Then, we used a Naïve Bayes 338 classifier to select a threshold.
339
Estimating VNTR RU Counts. All reads covering an RU element are aligned, or 'matched'
to the HMM using the Viterbi algorithm to create, in effect, a new multiple alignment. Recalling the Viterbi algorithm, let V k,j denote the highest (log) probability of emitting the first k letters of the sequence s 1 , s 2 , . . . s n and ending in state j of an HMM. Let, Prev k,j denote the state j immediately prior to j in this optimum parse. Then,
where, k = k − 1 for match or insert states; k = k otherwise. we get a pattern of the form U k 1 e (U s U e ) k 2 U k 3 s with 345 k 1 , k 3 ∈ {0, 1}, and k 2 ≥ 0. We estimate the RU 346 count of the read as k 1 + k 2 + k 3 , and mark it as a lower bound if k 1 + k 3 > 0 (see Fig. 6 for an 347 example).
348
One of the main reasons for erroneous RU counts is stutter during PCR amplification. The 349 PCR amplification process is similar to replication errors that result on genetic RU count variation during cell-division, except that there are multiple rounds of amplification. In each PCR round, the 351 number of copies might change by 1 with some probability. Once a single event has occurred and 352 an erroneous template is generated, the event of having another change is likely to be independent 353 of the previous event (Gymrek, 2016) . To model errors in read counts, we define parameter r s.t.
354
r ∆ is the probability of RU counting error by ±∆ in the estimation of the true count. Thus the 355 probability of getting the correct count is 1 − r, where
The analysis of reads at a VNTR gives us a multi-set of RU counts (or lower bounds) c 1 , c 2 , . . . , c n .
357
We assume that the donor genome is diploid but do not require any phasing information in the 358 computation of the multi-set. Additionally, we allow the possibility that all reads are sampled from 359 one haplotype with the RU count of the missing haplotype being X. We define C = {c 1 , c 2 , . . . , c n }∪
360
{X} and use C to get a list of possible genotypes (c i , c j ) with c i ≤ c j . Then, the conditional 361 likelihood of a read with RU count c is given by:
Similarly, the likelihood of a read with a lower bound c on the RU count is given by:
The likelihood of the data C is given by c k ∈C Pr(c k |(c i , c j )). The posterior genotype probabilities 364 can be computed using Bayes' theorem:
We generally set equal priors. However, in the event that we only see reads with a single count c ,
366
we choose Pr((c , c )) = Pr((c , X)) = 1 2 . The probability of "missing haplotype" event is modeled 367 as a Bernoulli process since in genome sequencing, sampling from either chromosome is done at 368 random and so, the probability of not observing a halplotype in each read (failure) is 1/2. If we see 369 multiple counts, we set Pr((c , X)) = 0 for all c ∈ C, and give equal priors to all other genotypes. in a homopolymer run of length i is Binom(d, ι, ε i ). We scored an indel in the VNTR using the 384 log-likelihood ratio
which follows a χ 2 distribution. We select the indel if the nominal p-value is lower than 0.01. HMM is shown in Fig. 5 . Here, we show the structure of two other parts in Fig. S1 . We repeated 548 the blue silent states (Start, U S , U e , and End ) to show how these three models are connected.
549
To set the transition and emission probabilities of repeat matcher, we used the parameter obtained by pair HMM of repeating units in reference genome. We set pseudocounts equal to error rate of sequencing technology in all three HMMs to allow for mutations and sequencing errors. After the initialization of each model, we updated them using sequencing data of NA12878 (Table S2) .
To update each model, we ran read recruitment on sequencing data of NA12878 and extracted repeating units as described in Methods. Then, we aligned the repeating units to the HMM, and used the new aligned reads to update HMM parameters. We measure fitness of model by the sum of log-likelihood of the recruited reads, as follows:
where likelihood of read r is defined as the probability of most likely path in the HMM to emit 550 r. We continued to iterate the model alignment, and parameter update steps until convergence of 551 fitness values.
552
As described in Methods, we compute the likelihood using the Viterbi algorithm. Let V k,j denote the highest (log) probability of emitting the first k letters of the sequence s 1 , s 2 , . . . s n and ending in state j of an HMM. Let, Prev k,j denote the state j immediately prior to j in this optimum parse. Then,
Prev k,j = arg max where, k = k − 1 for match or insert states; k = k otherwise. Then, for a read sequence r with 553 length n, max j V n,j over all states j in the HMM determines the maximum likelihood. analysis, we used a subset of 1775 VNTRs of the 2944, whose length was shorter than 140bp.
569
Finally to create a difficult test case for testing frame-shifts, we selected 115 of 2944 VNTRs for 570 which the total length was ≥ 250bp, and all Repeat Units had the same length, and used those to 571 simulate indel (frameshift) data-sets.
572

C. Test Datasets
573
Multiple test cases were generated using the three lists containing 2944, 1775, and 115 VNTRs, 574 respectively as described in the previous section. We started by generating a distinct human 575 genomic sequence VNTR I X reference.fa for each I ∈ [1, 2944] and each value X ∈ [−3, 3] (20,608 576 total sequences). Each sequence VNTR I X reference.fa was identical to the human reference except 577 that it had X' copies for I-th VNTR, where X' takes the RU count in reference genome ±X. To 578 increase the RU count of a VNTR, we added the repeating units from the first repeat to the last 579 unit, one at a time. We additionally generated ∼ 4920 reference sequences VNTR I Deletion P.fa 580 and VNTR I Insertion P.fa for all I ∈ [1, 115] VNTRs indexing the third list, and a single insertion 581 or deletion at the P th base pair of the Ith VNTR. We set P to every position in the VNTR that 582 was a multiple of 10 and was at least 140bp apart from each side of the VNTR. These reference 583 templates were used for generating simulated datasets as follows:
584
IlluminaSim Dataset. We used the following command to simulate the reads from haplotypes Next, we merged each pair of reads (fastq files) to get the diploid set of reads at 30X coverage.
596
PacBioLong Dataset. The dataset is similar to PacBioSim but with higher RU counts for 3
597
VNTRs 120, 40, and 25 for VNTRs in INS, CSTB, and HIC1 genes, which represent the 598 largest expansion known for these VNTRs. Again, we used SimLord to generate reads. Here, 1 ≤ C ≤ 40×.
603
IlluminaFrameshift Dataset. We simulated these datasets using following commands: 
Posterior Probability of Estimated Genotype
Effect of Sequencing Coverage on RU Calling Confidence Figure S5 : Association of PacBio sequencing coverage in VNTR region and posterior probability of RU count calling. The figure shows posterior probability of RU count estimation in AJ trio sequencing data form GIAB. Most of calls with low posterior probability (low confidence calls) result from low coverage in VNTR region.
With at least 10 reads that span the VNTR, we will get 0.98 posterior probability for estimated genotype. Table S3 : Primer for gel electrophoresis. Last column shows whether we used the primers were used for a long range PCR. We used long range PCR to validate adVNTR calls on longer VNTRs (using PacBio reads). 
